Molecular mechanisms contributing to initiation and progression of head and neck squamous cell carcinoma are still poorly known. Numerous genetic alterations have been described, but molecular consequences of such alterations in most cases remain unclear. Here, we performed an integrated high-resolution microarray analysis of gene copy number and expression in 20 laryngeal cancer cell lines and primary tumors. Our aim was to identify genetic alterations that play a key role in disease pathogenesis and pinpoint genes whose expression is directly impacted by these events. Integration of DNA level data from array-based comparative genomic hybridization with RNA level information from oligonucleotide microarrays was achieved with custom-developed bioinformatic methods. High-level amplifications had a clear impact on gene expression. Across the genome, overexpression of 739 genes could be attributed to gene amplification events in cell lines, with 325 genes showing the same phenomenon in primary tumors including FADD and PPFIA1 at 11q13. The analysis of gene ontology and pathway distributions further pinpointed genes that may identify potential targets of therapeutic intervention. Our data highlight genes that may be critically important to laryngeal cancer progression and offer potential therapeutic targets.
Introduction
Squamous cell carcinoma of the upper aerodigestive tract is the most common type of malignant head and neck tumors. The major etiological factors for head and neck squamous cell carcinoma (HNSCC) are tobacco and alcohol consumption, and its incidence is substantially higher in men than in women. HNSCC can be located in various anatomical sites and forms therefore a heterogeneous group of tumors. Current methods to predict the outcome of HNSCC patients include clinicopathological parameters such as primary tumor, regional node, distant metastasis (TNM) -stage, depth of invasion, and differentiation grade. However, these parameters do not accurately reflect prognosis of the patients and additional predictors and biomarkers would be useful for patient management. An improved understanding of disease pathogenesis could open therapeutic possibilities.
Novel technologies offer a way to identify new markers for HNSCC management. High-resolution genomewide technologies have been crucial in identifying molecular genetic alterations, and already gene expression profiling by microarrays have distinguished novel biological and prognostic subgroups of HNSCC tumors (e.g. Belbin et al., 2002; Chung et al., 2004; Cromer et al., 2004; Ginos et al., 2004; Choi and Chen, 2005) . Although these studies have revealed the molecular portraits of various tumor subgroups based on their gene expression signature, they are not optimal for identification of the key molecular drivers for the disease.
The activation of oncogenes, such as CCND1 at 11q13 and EGFR at 7p12 (reviewed by Mao et al., 2004) , and loss of tumor-suppressor genes play an important role in the development of HNSCC. Multiple chromosomal regions, identified by chromosomal comparative genomic hybridization (CGH) as well as array-based CGH (aCGH), are reported to be amplified or deleted in HNSCC. Based on the review by Gollin (2001) , the most common gains in HNSCC mapped to 3q, 5p, 7p, 8q, 9q, 11q13 and 20q, whereas the most frequent losses were at 3p, 5q, 8p, 9p, 13q, 18q and 21q. In laryngeal carcinomas, alterations in multiple regions have been reported, commonly at þ 2p, þ 3q, þ 5p, þ 8q, þ 11q13, þ 18p, À3p, À5q, À9p, À13q and À18q (Progenetix database; Baudis and Cleary, 2001) . Improved understanding of the tumorigenesis of HNSCC could be achieved by studying the impact of copy number on gene expression as has been already demonstrated in several other cancers (Hyman et al., 2002; Pollack et al., 2002; Wolf et al., 2004) . To date, previous microarray studies in HNSCC have mainly described separately either copy number or expression alterations. None of the studies have integrated genomewide data to achieve more accurate information about the target genes that are activated or inactivated by amplification or deletion with focus only on laryngeal cancer. Genetic alterations have been critically important in identification of therapeutic targets in cancer, such as HER2 (Trastuzumab), BCR-ABL and c-KIT (Gleevec). EGFR tyrosine kinase inhibitors (Cohen et al., 2003; Soulieres et al., 2004) as well as monoclonal antibodies against the extracellular domain of the receptor (reviewed by Baselga and Arteaga, 2005) represent first attempts to use targeted therapy in HNSCC.
In this study, owing to considerable heterogeneity of HNSCC tumors, we focused on a single well-defined anatomical location, larynx. Larynx is among the cancer sites where no significant improvement in survival rates during the past 25 years has been reported (Jemal et al., 2005) . Many aspects of the current management such as the benefit and optimal timing of combining chemotherapy to the radiation are still unknown. Here, we performed an integrated high-resolution copy number and gene expression profiling with genomewide cDNA and oligonucleotide microarrays. We aimed to illustrate mechanisms behind this disease and more importantly, by focusing on those genes whose expression was altered because of copy number changes, to point out genes, which could be potential targets for new treatment modalities. The approach used in this study offers a general strategy to identify and prioritize targets for functional studies.
Results
Mapping of copy number alterations in laryngeal squamous cell carcinoma A detailed copy number analysis was performed for each individual laryngeal squamous cell carcinoma (LSCC) sample (Table 1 ) using the CGH-Plotter (Figure 1a ) to define the boundaries of copy number alterations as described in Materials and methods section. In Supplementary Table 1 , altered regions present in at least 10% of LSCC samples are reported. In the cell lines, we observed multiple common alterations such as gains of 8q24.12-q24. 13, 11q13.2-q13.3, 20p13, 20q11.22, 20q13.13 and 20q13.33 and loss of 18q21.33-q22.3 , and in the tumors gains of 5p15.33, 5p12, 11q13.2-q13.4 and 14q24.3 as well as loss of 4q13.3. Several frequent alterations occurring both in cell lines and tumors were defined with high-resolution, such as gains of 8q24.12-q24.13, 11q13.2-q13.4 and 14q24.3 and loss of 10p12.31-p13 (Supplementary Table  1 ). The correlation coefficient for the frequency of alterations between tumors and cell lines was 0.44 for gains and 0.45 for losses. Overall, our LSCC material presented multiple copy number changes such as gains at 3q, 5p, 7p, 8q, 9q, 11q, 14q, 15q and 20, as well as losses at 3p, 4q, 9p, 10p and 18q, identified in more than 20% of the cases (Figure 1b) . We also observed alterations such as gains at 16q and losses at 5, 6q, 8p, 11q, 13q and 21 with lower frequency.
Impact of copy number on gene expression in LSCC High-level amplifications had a clear impact on the expression of genes in the altered genomic regions (Figure 2) . Out of the genes that were in the highest copy number class (>2), 39% showed overexpression in the cell lines and 18% in the primary tumors. The impact of deletions on the reduced expression was less clear, although still detectable in the cell lines, with 14% of genes being underexpressed with copy number ratio o0.7. For comparison, in genomic sites with no apparent copy number changes (CGH ratios 0.9-1.1), around 6.5% of genes were either overor underexpressed.
To investigate expression and copy number data in individual samples, we visualized copy number alterations with expression values using customdeveloped Expression annotation of Copy Number (ECN)-tool. We detected two different types of changes: (1) amplicons that were complex and included multiple genes (see Figure 3a and b) of which up to 40% were also overexpressed, (2) amplicons that composed of only few candidate target genes (Figure 3c and d) . For example, an amplicon at 17q23 clearly led to the upregulation of two genes, PPM1D and APPBP2, which were reported as amplified and overexpressed in breast cancer (Hyman et al., 2002; Sinclair et al., 2003) . Amplification at 11q13, presented in Figure 3a in UT-SCC19B cell line, was one of the most frequent alterations in our material (Supplementary Table 1) in concordance with previous reports in HNSCC. This region presented different sizes of amplicons with number of genes altered in expression. Especially FADD and PPFIA1 demonstrated a good correlation between RNA and DNA values, whereas for example CCND1 and EMS1 were highly amplified but not necessarily highly overexpressed in the same sample. The amplification at 12q15 in UT-SCC-75 cell line composed of multiple target genes, such as HMGA2, MDM1, MDM2 as well as DYRK2 that had the highest copy number as well as clear overexpression. Additionally, we found multiple other interesting amplified regions, which harbored genes showing simultaneous overexpression (examples in brackets), such as 2q13-q14 (RALB), 2q33 (WDR12, NOP5, ALS2, BMPR2, CYP20A1, SUMO1), 3q22 (RAB6B), 3q26 (PDCD10, GPCR1),
.33 (HHEX), 11q22 (BIRC 2 and 3), 12p12 (SLC21A8), 12q13 (SENP1, PFKM), 13q22, 18q11, 19p13.13-p13.2 (RAD23A) and 22q13 (PLXNB2) (Supplementary Figures 1-8 ).
Statistical analysis of the impact of gene copy number on gene expression We applied statistical analysis (see Materials and methods for details) to systematically identify all genes whose expression was attributable to copy number alteration across the samples. Expression of 739 genes was significantly influenced by copy number increase across all 10 cell lines (Supplementary Table 2 ).
For these genes, the Pearson correlation between DNA and RNA levels was on average 0.45 (range 0.26-0.68). As LSCC tumors were more heterogeneous than the cell line material, we performed the same analysis separately for the 10 tumor samples and identified 325 genes whose expression was increased due to copy number alteration (Supplementary Table 3 ). The average DNA-RNA level correlation for these genes was 0.35 (range 0.13-0.61). Using this statistical method, we identified genes that have been previously implicated to have significance in SCC, including the CCNL1 (Redon et al., 2002) and CTSL2 genes (Nawata et al., 2003) . Of the deregulated genes, 62% in the cell lines and 77% in the tumors, albeit located at clearly changed regions such as 12q14-q15 in UT-SCC-75 cell line, were present only in one sample. Altogether, we identified 40 genes whose expression was systematically influenced by DNA amplifications in both the tumors and the cell lines ( Table 2 ). Some of these common genes were at well-characterized HNSCC amplicons, such as FADD and PPFIA1 at 11q13 and DVL3 and MCCC1 at 3q27. One of the amplified and overexpressed genes was COPS5 (JAB1) that maps to 8q13.2, a novel region recently pinpointed to be amplified in HNSCC (Lin et al., 2006) . This suggests a strong genetic influence for the activation of JAB1 in LSCC, where it has previously been reported to be overexpressed at the protein level and also associated with unfavorable clinicopathologic variables (Dong et al., 2005) . Our data also implicate, for the first time, C8orf2, BRF2 and ASH2L genes at 8p11-p12 in the pathogenesis of LSCC tumors. These genes were recently reported to be targets at the 8p11.21-p12 amplicon in breast cancer (Garcia et al., 2005) .
As the deletions seemed to have an association with gene underexpression in LSCC, we applied statistical approach to find those target genes. In the cell lines, 502 genes had this association including genes that have earlier implicated to have tumor suppressive function in HNSCC, such as CST3 (20p11; Strojan et al., 2004) , APC (5q22; Mao et al., 1998) , and CDKN2A/p16 (9p21; Reed et al., 1996) . In the primary tumors, 223 genes were identified including 22 genes that were present also in the cell lines (data in Supplementary Tables 4 and  5 ). These results suggest that the method is able to detect pathogenetically relevant genes, and other genes pinpointed by our study could similarly turn out to be important in further functional studies.
Immunohistochemical validation of the impact of gene copy number and expression on protein level
Immunohistochemical staining was applied to validate the impact of detected gene deregulation on protein expression levels. Antibodies for CCND1 and FADD were used as examples to illustrate the concordance between DNA, RNA and protein levels. Both CCND1 and FADD reside in the 11q13 region, commonly amplified in various cancers, including HNSCC. In addition to CCND1, our results show that FADD, chosen as an example among the set of genes statistically proven to be upregulated by DNA copy number increase in a subset of samples, had also strong protein level expression (Figure 4 ).
Biological annotation of the genes deregulated by DNA amplifications
We further focused our analysis on overexpressed and amplified genes because amplification had a clear impact on gene deregulation. We applied gene ontology (GO) information (Gene Ontology Consortium, 2000) using and GAL genes mapping to this region were both highly amplified and overexpressed. The interpolated values for genes that were present on an oligo array but no corresponding cDNA clone existed on a CGH array, are illustrated here with blue dots using a built-in option in ECN-tool. (b) 12q14-q15 amplicon in UT-SCC-75 cell line featuring many amplified and overexpressed genes such as DYRK2, HMGA2, NUP107, SLC35E3, MDM2 and GAS41. Genes with low level gain and no overexpression are not annotated in the picture. (c) 7p12 amplicon in a primary tumor featuring EGFR as the most amplified and overexpressed gene in this region. In this case, SEC61G located next to EGFR was overexpressed but did not have analysable CGH value. In some cases with 7p amplicons, other genes close to EGFR, including LANCL2, HUS1 and UPP1, were deregulated. (d) 17q23 amplicon in UT-SCC-38 cell line showing distinct amplification and overexpression of only two target genes, APPBP2 and PPM1D.
gene ontology categorizer (GOC) (Joslyn et al., 2004) and focused on molecular function (MF) and biological processes (BP) branches to investigate the biology behind deregulated genes identified by statistical analysis. Table 3 displays the top 15 ontology terms according to the score defined by GOC. Interestingly, many top GO terms were shared between tumors and cell lines, such as ones involved in ion binding and transcription factor activities as well as signal transduction and proteolysis and peptidolysis. Genes that are overexpressed and amplified could be potential targets for therapeutic intervention. We therefore took a closer look on those ontology terms, which contained genes that might be potential drug targets by gene function. Using MF ontology term, we searched for kinases (GO:0016301) and phosphoprotein phosphatases (GO:0004721), which are critical in many signal transduction pathways; transmembrane receptors (GO:0004888), which are currently targets of many marketed drugs (e.g. G-protein-coupled receptors); peptidases (GO:0008233), or genes with catalytic activity (GO:0003824, enzymes) (Hopkins and Groom, 2002) (Supplementary Tables 6 and 7) . In GOC analysis, none of these terms were among the most enriched ones even though all of them were in upper 22nd percentile of terms, which scored above zero. Ambiguous overrepresentation of druggable terms in the data might be expected since genes that are repressed or activated by copy number alteration do not necessarily belong to a functionally same group. However, for example 34 and 13 kinases (GO:0016301) were detected as amplified and overexpressed in cell lines or tumors including interesting potential target genes such as DYRK2 (12q15), TK1 (17q25.3), TRIO (5p14-15.1) and CSNK1E (22q13.1).
We analysed pathway distribution of deregulated genes using available 717 and 309 LocusLink IDs and MetaCore software that mapped genes in relevant signaling pathways. Deregulated genes mapped at multiple pathways (n ¼ 161 in cell lines and n ¼ 79 in tumors). In MetaCore, the most enriched pathway classes (Po0.05) in cell lines were involved in aminoacid metabolism and apoptosis, whereas in tumor Integration of RNA and DNA microarray data in LSCC A-K Järvinen et al samples proteolysis and apoptosis were mostly represented (Supplementary Table 8 ).
Discussion
In the present study, we successfully identified genes that are deregulated by DNA copy number alterations in LSCC. Genomewide CGH and expression microarray analyses revealed known and novel amplicons that showed concomitant increase of copy number and expression of target genes. This set of genes will provide a good basis for functional studies that might potentially lead to identification of novel drug targets in HNSCC. By applying bioinformatics tools, we were able to pinpoint a subset of target genes that could be druggable by function as well as identify processes involving the deregulated genes. We detected several frequent copy number alterations in LSCC, such as gains at 3q, 5p, 7p, 8q, 9q, 11q, 14q, 15q and 20, as well as losses at 3p, 4q, 9p, 10p and 18q. Copy number increase had a clear impact on gene expression in LSCC, both in the cell lines as well as in the primary tumors. Previous studies by aCGH have reported similar results in breast, prostate and pancreatic cancers (Hyman et al., 2002; Pollack et al., 2002; Wolf et al., 2004; Heidenblad et al., 2005) . LSCC featured different types of amplicons, ones that included multiple target genes, such as the one at the 11q13, but also those that only contained few target genes such as at 17q23 or 7p12.
One of the most common highly amplified regions in our data set, manifesting deregulated genes both in the cell lines and the tumors, was 11q13. This amplicon is well known in HNSCC (Gollin, 2001) , and CCND1 is often considered as one of its target genes. In our integrated data, two genes, FADD and PPFIA1, featured statistically significant correlation between DNA and RNA levels in four cell lines and three primary tumors at this region. Traditionally, FADD has been reported as an adaptor molecule transmitting apoptotic signals of multiple death receptors with tumor-suppressive function (Newton et al., 2000) . To our knowledge, the function of PPFIA1 in cancer is unclear. It is a LAR protein-tyrosine phosphatase interacting protein, and it binds to the intracellular region of the LAR and they both localize to the focal adhesions (Serra-Page`s et al., 1995). Other genes in the region, such as CCND1, EMS1 and FGF19, lacked statistically significant correlation between copy number and gene expression, and for FGF4 and FLJ10261 (TMEM16A) clone was not represented on the cDNA microarray. However, these genes had elevated gene expression levels combined with amplification in some of the samples, but the correlation was not statistically significant when all the samples were analysed. Across the samples, 11q13 region presented amplicons of different sizes implying that this region harbors multiple target genes. We were also able to show that in the case of the 11q13 amplicon, DNA-RNA level correlation, exemplified by FADD, could be observed also at the protein level. More thorough functional analyses of 11q13 amplicon-derived transcripts are needed to gain complete knowledge of the target genes. In addition to 11q13, we identified many interesting, previously not well-characterized amplified regions in HNSCC, such as 8p11-p12, 9p24, 12q15 and 17q25.1-q25.3 harboring genes with significant overexpression. At 12q15, DYRK2 with highest copy number in our data, was first recognized to be amplified and overexpressed in esophageal and lung adenocarcinomas (Miller et al., 2003) but to our knowledge has not been reported in HNSCC. At 9p24, multiple genes were deregulated including AK3L1 (AK3), RNAC, MDS030 and PDCD1L1 (CD274), which were also significantly overexpressed across the samples. Strome et al. (2003) demonstrated that freshly isolated HNSCC tissues expressed PDCD1L1 protein.
We were able to narrow the number of target genes identified by statistical analysis to 40 by combining the data from both the tumors and cell lines. The GO analysis revealed that many highly represented terms were shared between tumors and cell lines. Therefore, this could implicate that important processes in LSCC are identified, even though different pathways might be activated. Similarly, pathways, to which different deregulated genes mapped, could be important because the activation of similar cellular processes may be achieved by multiple complex regulatory networks.
In some cases, the same gene showed either significant over-or underexpression accompanied with respective Figure 6) . Additionally, several other genes, such as MMP1, 3, 7, 10, 12, 13, 20 and 27 were amplified at 11q22 but not overexpressed in this cell line. Imoto et al. (2001) reported amplification of this region in esophageal SCC as well as overexpression of BIRC2, and recently, Baldwin et al. (2005) identified region in oral cancer with no integration to expression data. Owing to our data allowed a direct integration of genomewide expression and CGH data, we could distinguish those genes that are deregulated through copy number alteration and are not just bystanders in an altered region. Our focus in this study was on those genes whose expression was increased together with copy number, since in many cancers gene amplification is an important mechanism to regulate gene expression. A recent review of HNSCC expression microarray publications reported only 32 genes with common alterations in transcriptional overexpression across multiple studies, including COL4A1 identified also in our study as amplified and overexpressed (Choi and Chen, 2005) . As authors conclude, only a few of these expression studies investigate possible mechanisms of altered gene expression observed by microarray analyses. Our study sheds light on this problem by combining copy number and expression micorarray data. The statistical method applied in present approach is ideal for finding genes whose expression is driven by copy number changes and therefore, genes regulated by other mechanism than amplification, were excluded from the analyses. The effect of copy number reduction to gene expression was not as clear, especially in tumors, where only 8% of genes showed underexpression when a copy number was less than 0.7. This might be due to the normal cell content of the tumor samples that will particularly influence on low copy number gains and losses that are most challenging to detect from heterogeneous tumor material. The samples, which lacked clear genomic changes, demonstrated poor association between RNA and DNA levels. Furthermore, on cDNA array platform amplifications are readily detected, whereas distinction of single copy losses is much more challenging. However, one of the genes showing association with deletion and underexpression in our data was a well-known tumor-suppressor gene CDKN2A at 9p21. This deletion is often homozygous but in UT-SCC-8 cell line, the raw ratio value on cDNA microarray was 0.45. We further investigated this deletion with whole-genome 44k oligo CGH arrays (Agilent Technologies, data not shown) confirming the homozygous deletion of CDKN2A gene in UT-SCC-8 cell line (raw ratio value 0.043). This example illustrates the potential to identify tumor-suppressor genes by integrating the information from CGH and gene expression microarray platforms.
We utilized improved custom-developed bioinformatics tools to analyse our data. To determine the copy number alterations in LSCC cell lines and primary tumors, we applied CGH-Plotter (Autio et al., 2003) . To be able to optimize the parameters for CGH analysis, CGH-Plotter requires user input and knowledge about typical alterations in the studied material. However, the automation for recognizing changes in CGH data makes analysis faster and more reproducible. We developed a new interpolation option in CGHPlotter that enables integration of data derived from two different platforms lacking extensive overlap. Applying interpolation option, we retrieved CGH information of over 50% more clones than based on solely unique identifiers. To verify our approach, we analysed few cases by whole-genome 44k oligo CGH arrays and identified similar copy number changes (data not shown). Furthermore, the ECN-tool with new user-friendly graphical user interface provided an easy way to analyse and visualize expression data with CGH data derived directly from the CGH-Plotter analysis software.
Our results illustrate that microarray-based methods provide high-resolution information about cancer genomes. They facilitate an easy integration of CGH and expression data focusing our interest to those genes, which have altered expression owing to copy number changes. Integrated data can be applied for example to pinpoint potential therapeutic target genes, whose role in tumorigenesis can be followed further with functional assays. The data created in this genomewide screen is publicly available, offering a valuable resource for additional data mining to other investigators in HNSCC research field.
Materials and methods
LSCC cell lines and tumor samples LSCC cell lines UT-SCC-8, UT-SCC-11, UT-SCC-19A, UT-SCC-19B, UT-SCC-29, UT-SCC-34, UT-SCC-38, UT-SCC-42A, UT-SCC-49 and UT-SCC-75 were kindly provided by Department of Otorhinolaryngology at Turku University Central Hospital (Turku, Finland). Cell lines UT-SCC-19A and UT-SCC-19B originated from the same patient. UT-SCC-11 and UT-SCC-19B were derived after radiation treatment. Cell culture conditions were as described previously (Gre´nman et al., 1992; Lansford et al., 1999) . Total cellular RNA was extracted using TRIzol s reagent (Invitrogen, Carlsbad, CA, USA) followed by purification of the RNA using Qiagen's RNeasy columns (Valencia, CA, USA) according to the manufacturer's instructions. Genomic DNA was isolated either using Gentra's PureGene kit (Minneapolis, MN, USA) or Promega's Wizard Genomic DNA purification kit (Madison, WI, USA).
Tumor samples derived from larynx were obtained from Helsinki and Turku University Central Hospitals (Finland). Only the specimens, where at least 50% of cell population comprised tumor cells were taken to the analysis. RNA and DNA from tumor samples were extracted using Qiagen's RNA/DNA kit (Valencia, CA, USA). The use of sample material was approved by the Research Ethics Board at the Department of Otorhinolaryngology, HUCH and the Joint Ethical Committee of TUCH and Turku University.
Clinical information of the 20 samples used in the study is presented in Table 1 . All the cell lines were derived from male patients and median age of the patients was 57. Of the primary tumors, 90% were obtained from male and 10% from female patients, and median age was 66 years at the time of surgery. Many of the patients had a positive history for both smoking and alcohol use. The clinical parameters in Table 1 are provided here as background information and were not used to draw clinical correlations owing to clinical heterogeneity and small size of the sample material.
Copy number profiling of LSCC on cDNA microarrays CGH profiling on cDNA arrays was performed as described earlier (Pollack et al., 1999) with slight modifications (Monni et al., 2001; Hyman et al., 2002) on Human 1 cDNA microarray slides (Agilent Technologies, Palo Alto, CA, USA). First, the concentration and purity of the DNA samples were measured using spectrophotometer (A 260 /A 280 >1.7). Next, genomic DNA was digested overnight using AluI and RsaI restriction enzymes (Life Technologies Inc., Rockville, MD, USA) producing 200-600 bp DNA fragments. Sexmatched DNA, extracted with Qiagen Blood and Cell Culture Maxi Kit from white blood cells of healthy individuals, was used as a reference for CGH microarray hybridizations. Digested DNA samples were purified by phenol/chloroform extraction. From both test and reference samples, 4-6 mg of digested DNA was labeled with Cy5-dUTP and Cy3-dUTP (Amersham Biosciences, Piscataway, NJ, USA) in a random priming reaction using RadPrime DNA Labeling system (Invitrogen, Carlsbad, CA, USA). Hybridization conditions and washes were as described earlier (Pollack et al., 1999) .
Gene expression profiling of LSCC on oligonucleotide microarrays Expression analysis was performed on Agilent's Human 1A oligo array according to the manufacturer's instructions. Before hybridization, the yield and integrity of total RNA was evaluated by spectrophotometer and 2100 Bioanalyzer (Agilent Technologies). Briefly, 20 mg of test RNA and 20 mg of reference RNA, composed of a pool from 10 different cancer cell lines (non-HNSCC), were labeled with Cy5-dCTP and Cy3-dCTP (Amersham Biosciences), and hybridizations were performed according to the manufacturer's recommendations (Agilent Technologies). Both raw expression microarray data as well as copy number microarray data are available at http:// www.helsinki.fi/biochipcenter/Jarvinen_Supplement/.
Preprocessing of microarray data A laser confocal scanner (Agilent Technologies) was used to measure signal intensities for both CGH and expression microarray hybridizations. Feature Extraction software (version A.6.1.1, Agilent Technologies) with the manufacturer's recommended settings were applied in microarray image analysis. However, for oligoarrays, we modified program's PolyOutlierFlagger settings slightly using the same values than in cDNA arrays (0.05; 0.09). Features, which did not pass quality control procedures in Feature Extraction software, were flagged automatically and their values were removed from further analysis. From nonunique probes, a median value was calculated for data analysis. Expression oligoarray data were median centered across the genes in 10 cell lines, and similarly independently across 10 clinical specimens when performing integration between CGH and expression data.
Each gene on both oligo and cDNA microarray was assigned to a UniGene cluster (Build 163; http://ncbi.nih.gov/). In addition to annotations provided by Agilent, we updated annotations using RESOURCERER (http://www.tigr.org/ tigr-scripts/magic/r1.pl; version 8) and Source databases (source.stanford.edu). A custom-made database was created including the genomic sequence alignment information for all available mRNA sequences according to the assembly by the University of California Santa Cruz's (UCSC) Genome Browser database (April 2003 freeze) (http://genome.ucsc. edu/), as well as the UniGene information. Genomic base pair localizations of the clones were retrieved by assigning each clone to its UniGene cluster and then relating the data to the genomic alignment of the mRNA sequence according to the largest alignment size from the corresponding cluster. In all subsequent analysis, we mapped individual clones into genome using start base pairs of the genomic alignments.
The base pair information was available for on average 11 200 (11 213 and 11 199 depending on batch) clones on cDNA arrays, providing an average spacing of 270 kb throughout the human genome. Similarly, information was available from 15 496 sequences on oligo microarrays providing a theoretical genomewide resolution of 200 kb. After removing duplicate clones, the number of unique clones were 7663 (7670 and 7656) on cDNA array and 13 643 on oligo array providing theoretical resolutions of 400 and 225 kb.
Analysis of copy number microarray data
The CGH copy number data were ordered according to the location of the clones along chromosomes starting from 1p and ending to Yq. A custom-developed software, CGH-Plotter (Autio et al., 2003) , was utilized to identify copy number changes on a genomewide scale by cDNA microarrays. We made modifications to the original version of CGH-Plotter to be able to determine the altered regions in the genome more accurately than with our previous version of the software. Both versions of the software can be downloaded at http:// www.cs.tut.fi/Bbsmg/download.html. We improved the original data smoothing options by allowing the user to define a genomic distance around each individual clone instead of using fixed number of clones for smoothing. Moreover, the method now acknowledges the known gaps in the genome that can be defined by the user. Here, we took into account telomeric, centromeric, and heterochromatin regions, as well as other gaps spanning more than 150 kb.
For smoothing of the data, we applied a moving median of the ratios with a 750 kb window (375 kb from both sides if possible). In the CGH-Plotter, the cutoff value in dynamic programming for gain or amplification was defined >1.24 and for loss or deletion o0.76. These threshold values for altered copy number were determined based on the normal variation in the control hybridization; 99.5% of the raw copy number ratios in a self-versus-self experiment were between the cutoff values.
As a result, CGH-Plotter provides a text file describing amplified and deleted regions. In the CGH-analysis of the individual samples, we only analysed further those regions, which included four or more adjacent clones that had smoothed logarithmic ratio >1.24 (gain) or o0.76 (loss). The exact breakpoints were defined from the smoothed data in a manner that the clone in the border of altered region was normal. Altered regions separated by one clone with normal copy number, were joined to represent one region.
Integration of the gene expression and copy number data
The modified CGH-Plotter includes an option to interpolate data points in a case of missing values or when integrating data between two different platforms. In this study, we applied this feature to match as many data points as possible between oligo (expression) and cDNA (copy number) microarrays. Briefly, if there were no matching cDNA clone for a gene or transcript present on the oligo microarray, we used location-based linear interpolation algorithm with a 750 kb window (375 kb from both sides) to interpolate CGH values from the cDNA data taking gaps in the genome into account similarly as described earlier in the data smoothing. When implementing interpolation, we assumed that CGH values from a certain genomic region are linearly dependent on the adjacent values. Theoretically, our cDNA and oligo data sets had 7030 common unique genes. After preprocessing and using of 750 kb interpolation window, 11 761 genes had both expression and CGH values at least in one sample.
Interpolated CGH data smoothed by the CGH-Plotter, was processed further using ECN-tool (http://www.cs.tut.fi/ Bbsmg/download.html). ECN is a MATLAB toolbox for plotting gene copy number data that is annotated with the gene expression values of the analysed sample. This plot enables easy and rapid visual integration of the expression data with the genomic information and identification of genes that are altered both in copy number and expression in one sample. The copy number ratios are annotated with expression ratios using color coding -red for upregulated genes (upper 7th percentile of expression ratios in analysed sample) and green for downregulated genes (lower 7th percentile of expression ratios in analysed sample). Furthermore, interesting genes with their copy number and gene expression values can be selected and saved in a text file format.
The influence of gene copy number on gene expression level was further evaluated across the samples by statistical method as described previously (Hyman et al., 2002; Hautaniemi et al., 2004) . Briefly, for each gene, the smoothed CGH ratios were represented by a vector that was labeled '1' for gain (ratio >1.28) and '0' for no gain. In opposite analysis, we labeled '1' for loss (ratio o0.75) and '0' for no loss. As this method is based on individual genes rather than regions, we applied strict cutoff values for aCGH data in order to ensure that only those genes with true copy number alterations were taken into the analysis. A weight was calculated for each gene as described by Hautaniemi et al. (2004) . To assess the statistical significance of each weight, we performed 10 000 random permutations of the label vector and gained P-value for each weight. This process was performed independently for cell lines and primary tumors. After the permutation test, we considered only genes with P-value below 0.05 to have association with copy number and gene expression.
Immunohistochemistry
We performed immunohistochemistry on paraffin-embedded tissue blocks from eight LSCC tumors using rabbit monoclonal antibodies for CCND1 (Lab Vision, Fremont, CA, USA), and rabbit polyclonal antibodies for FADD (Lab Vision, Fremont, CA, USA). Biotin-streptavidin detection system kits (Rabbit IgG Vectastain Elite ABC Kits, Vector Laboratories, Burlingame, CA, USA, and HRP-DAB Antigoat Cell and Tissue Staining Kit, R&D Systems, Minneapolis, MN, USA) were used according to the manufacturers' instructions. First, the sections were treated with 0.01 M citrate buffer pH 6.0 in microwave oven (5 þ 5 min) followed by cooling for 20 min. After blocking the endogenous peroxidase, sections were incubated with primary antibodies (diluted in 1.5% normal serum in PBS) for 30-60 min at RT. Immunoreaction was visualized with diaminobenzidine (DAB) and the sections were counterstained with Mayer's hematoxylin. Omission of the primary antibody in staining procedure was performed for control purposes.
Analyzing GO and pathway distribution of deregulated genes To analyse which ontology classes and pathways were represented among the genes deregulated in LSCC identified by statistical method described in previous section, we applied GOC (Joslyn et al., 2004) and MetaCore software (GeneGo, St Joseph, MI, USA). Ensembl IDs for GO analysis were retrieved from Ensembl database (http://www.ensembl.org; database 31; NCBI 35). Altogether, 692 and 300 deregulated genes had Ensembl Gene IDs available. In MF GO branch, the number of genes in the whole space was 13 375 whereas in BP the number was 12 347.
